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Abstract 
Composites are increasingly being used in aerospace, naval and automotive applications due to their high strength and stiffness to 
weight ratio. However, mechanical properties of the composite materials may degrade severely in the presence of damage. In the 
present works, ultrasonic C-scan is performed on glass epoxy composite having impacted flaw. During scanning of impacted 
specimen, relevant portion of the ultrasonic waveform is digitized at each point. Ultrasonic features are extracted from digitized 
waveform at each point.  The image of the scanned domain is then created through systematic classification of data of all 
locations pertaining to multiple features using Artificial Neural Network. C-scan image generated by ANN model, clearly 
identify the damage area and its spread similar to that found visually. 
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1. Introduction 
Non destructive testing and Evaluation (NDE) of advanced composite materials poses a challenge to both 
researchers and applied technologists. With regard to composites a combination of complementary NDT techniques 
seem to be more appropriate in obtaining complete information. Ultrasonic C-scan is one kind of technique where a 
low energy, high frequency stress pulse introduced into the material under inspection and examining the subsequent 
propagation of this energy. Many researchers have worked in this area and a considerable amount of literature has 
been published. Mool and Stephenson [1971] inspected boron epoxy laminates with known defects, using through 
transmission ultrasonic C-scan with unfocussed probes. They found it necessary to perform scans with different 
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amplification and threshold levels to display all artifacts. Miller [1990] summarized a quantitative ultrasonic 
nondestructive technique applied to evaluate impact damage and porosity in graphite epoxy composite laminates. 
Thomsen and Lund [1991] presented the concept of spectral analysis of ultrasonic test measurements. Two 
transducers were used on the top face of the specimen for measurement and stress wave signal was recorded and 
digitized in a signal analyzer. They implemented a software using artificial neural network (ANN) and trained it to 
classify the ultrasonic power spectra of composite laminates according to its fabrication quality (flaws). 
Thavasimuthu et al [1996] discussed the use of artificial neural network (ANN) for classifying weak ultrasonic 
signals. Imielinska et al [2004] used the ultrasonic air coupled C-scan technique and X-ray radiography for detecting 
impact damage in thin carbon fibre / epoxy composite plates. It is observed that the air coupled technique seems 
easier, faster, more accurate and easier to monitor. Zuo et.al [2008] performed an experimental investigation to 
estimate the size and position of the crack in a steel plate using the ultrasonic signals and CFBP (cascade feed 
forward back propagation) neural network approach. The obtained result was compared with the feed forward back 
propagation (FFBP) approach. It was found that CFBP gives a better result in the estimation of crack. Jackson et al 
[2013] generated a C-scan image of the impacted composite domain pertaining to signal energy and signal amplitude 
as feature. In this work two artificial neural network models, viz., feed forward back propagation (FFBP) and 
cascade forward back propagation (CFBP) were used to generate image. From the generated image it was found that 
CFBP model gives better image prediction than FFBP for the targeted specimen. 
In the present investigation an effort has been made to generate a C-scan image for glass epoxy composite 
specimen with impacted flaw. With the help of artificial neural network technique, the scan data set is automatically 
classified into several number of groups. The automated grouping helps to generate images in a systematic manner 
and does not require any prior information regarding the nature and distribution of the data. 
2. Experimental Setup 
The experimental setup is comprised of an immersion tank made of acrylic glass and a mounting frame furnished 
with two lead screws in mutually perpendicular directions. Two stepper motors drive the lead screws and a common 
nut, moving linearly due to their rotation and holding the probe holding device. The transducers fitted in the probe 
holding device can move along two mutually perpendicular directions in precise steps and are capable of scanning 
any predefined two dimension region. The transducers are connected to an ultrasonic board that acts as the pulsar, 
receiver and digitizer of the ultrasonic waveform. The present ultrasonic board is PCUS11 [1999], that is operated by 
QUT99 software [1999]. The board can digitize signals with a sampling rate of up to 80 MHz and it seamlessly 
interacts with the software that has the capability to condition, gate and zoom the digitized signal. The composite 
laminate is kept immersed in water and is held strictly parallel to the plane of the movement of the transducer. The 
minimum linear movement of stepper motor can be adjusted by using the stepper motor controller. Necessary setting 
may be given as input to the stepper motor controller via a wired remote control. Immersion type ultrasonic C-scan 
has been performed on composite specimen. It is a 32 ply glass-epoxy composite laminate fabricated by hand lay-up 
method and a damage created in it by the drop weight impact method. The impact creates defects in the plies and the 
core region of the flaw is visible to the naked eye. A square region 40 mm x 40 mm is identified around the defect 
zone and the scan is conducted. Scanning resolution in both directions was maintained as 2 mm. In this work, 
different features such as signal amplitude, peak amplitude, signal energy and Shannon entropy of the waveform is 
used as the feature for C-scan image generation of the impacted domain. 
3. Artificial Neural Network Modeling For Ultrasonic C-Scan Imaging 
Neural network is a highly flexible modeling tool with the ability to learn the mapping between input and output 
[1999, 1994]. In present research, a multilayer feed forward neural network is used to construct the C-scan image 
generation model. The learning technique used is Back propagation [2004]. The knowledge is presented by the 
interconnection weight, which is adjusted during the learning stage using the back propagation algorithm that uses a 
gradient decent algorithm to minimize the mean square between the actual output pattern of the network and the 
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desired output pattern. The pre collected experimental results in the form of different features value of some scanned 
points (both from impacted and good region) are used to train the neural network. Before applying the network for 
modeling, the architecture of the network has to be decided, i.e. the number of hidden layers and the number of 
neurons in each layer. 
 







Fig. 1. Configuration of the developed ANN model 
Table 1: Mean square error for four input features (i.e. shannon entropy, signal energy, peak amplitude and signal 
amplitude). 
No. of nodes Purelin Tansig Logsig Hardlim 
1 1.60E-06 6.75E-05 3.23E-04 0.25 
2 5.76E-05 9.11E-05 1.71E-04 0.25 
3 1.58E-05 7.07E-05 1.80E-04 0.25 
4 6.07E-11 2.92E-05 8.80E-05 0.25 
5 2.88E-10 2.29E-05 8.52E-05 0.25 
6 1.75E-08 1.59E-05 8.92E-05 0.25 
7 3.00E-06 1.99E-05 9.03E-05 0.25 
8 8.62E-06 2.08E-05 4.72E-05 0.25 
9 1.84E-05 1.40E-05 3.17E-05 0.25 
10 2.25E-07 1.90E-05 5.31E-05 0.25 
11 1.72E-05 1.23E-05 5.64E-05 0.25 
12 5.82E-07 1.33E-05 2.63E-05 0.25 
13 9.84E-08 6.11E-06 9.33E-05 0.25 
14 2.95E-06 1.81E-05 7.51E-05 0.25 
15 4.88E-06 1.66E-05 1.43E-05 0.25 
16 7.25E-06 4.86E-06 1.38E-05 0.25 
17 2.84E-08 1.08E-05 6.75E-05 0.25 
18 1.29E-05 2.47E-05 2.36E-05 0.25 
19 1.04E-05 9.22E-06 4.16E-05 0.25 
20 6.61E-07 3.19E-07 1.62E-05 0.25 
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As there are 4 inputs and 1 output, the number of neurons in the input and output layer has to be set to 4 and 1 
respectively. The number of hidden layer is adopted as 1, as it is sufficient for majority of applications with back 
propagation. A program was generated in MATLAB to optimize the number of neurons in the hidden layer and to 
fix the transfer function for the hidden layer.  In this network, the input and output quantities are normalized within 
the range 0 and1. Thus, Tan-sigmoid (tansig) and log-sigmoid (logsig) transfer functions are kept fixed for input and 
output layers respectively. For hidden layer, four different transfer functions like purelin, tansig, logsig and hardlim 
are tested one by one with fixed number of neurons. The neurons are also varied up to 20 for getting the best model. 
Comparison of the results for different models are carried out by comparing the mse (mean square error) and 
performance goal (for this study it is fixed as 1x10-5).The results from different models are presented in Table 1. It 
shows that the purelin transfer function with 4 neurons gives the lowest mean square error with best performance 
goal. Thus, a feed forward neural network of type 4-4-1 was adopted to model the process. The configuration of the 
neural network is shown in Fig. 1.The developed model is ready to use for any combination of input data in the 
interpolation range of trained data and the model can be used for predicting the performance characteristic of 
ultrasonic imaging of impacted flaw. Extrapolation over those limits would restrict the applicability of this model. 
4. Image Generation 
The primary objective of this work is to generate C-scan image of the impacted area of the composite specimen to 
identify extent of damage zones in it. This image is created through systematic classification of data of all locations 
(21x21=441 scanned points) scanned pertaining to ultrasonic features such as peak amplitude, signal amplitude, 
Shannon entropy and signal energy.  Initially the neural network model has been trained with 50 data, out of which 
25 are selected from good region and the remaining is from the flawed region. Similarly testing has been conducted 
with 10 data from each region. The output results given by the model varies between 0 to1. Clustering is done for 
these regions with different colours in grey scale showing different regions. Based on developed model the image 
shown in Fig.2 is generated for entire specimen. It clearly brings out the damage region in the central portion marked 
with white shade. A careful observation will reveal that this image is able to extract other regions of damage (having 
less severity) surrounding the core defect region. 
 
 
Fig. 2. C-scan image of composite specimen based on four features 
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5. Conclusion 
Based on the results and discussions thereof, following conclusions can be drawn: 
x Ultrasonic non destructive evaluation based on C-scan methodology plays a significant role in identification of 
impacted defect in composite material.  
x Grouping technique by ANN is found to be an effective tool for automated classification of ultrasonic data 
pertaining to multiple features leading to generation of C-Scan images. 
x During the training process, several neural network configurations were analyzed. From the results it has been 
observed that one hidden layer with 4 neurons can provide better prediction. Therefore, a feed forward neural 
network of type 4-4-1 can be adopted to model the similar process. 
x C-scan image generated by the ANN model could clearly identify the impact damages in composite specimen. 
The location and orientation of the core defect region in the image matches well as that of the specimen. 
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